Purpose: While the dysregulation of specific pathways in cancer influences both treatment response and outcome, few current prognostic markers explicitly consider differential pathway activation. Here we explore this concept, focusing on K-Ras mutations in lung adenocarcinoma (present in 25%-35% of patients).
Introduction
Lung cancer has the highest mortality rate of all malignancies. Its predominant histologic type, non-small cell lung cancer (NSCLC), accounts for about 85% of cases (1) . Standard care for NSCLC is based primarily on pathologic staging, with most earlystage patients receiving surgical resection (2) . Despite this intervention, 30% to 60% of patients with stage IB to IIIA NSCLC relapse and die within 5 years of diagnosis (3) .
For stage II-IIIA patients, the benefit of adjuvant chemotherapy for NSCLC has been shown (4) . For stage IB patients, however, there is no overall effect (5), although some subgroups do derive benefit (6) . It is a major clinical goal to personalize administration of adjuvant chemotherapy by identifying those stage I patients with more aggressive disease that might benefit, and subgroups of later stage patients who might neither need nor derive benefit from additional treatment.
To achieve this goal, several studies have used transcriptome profiling on surgically excised tumor samples. Biomarkers identified in these studies usually have been derived in an unbiased manner, without exploiting prior knowledge of the underlying tumor biology (7) (8) (9) (10) (11) . One exception was a study by Bild and colleagues, who developed "pathway signatures" for delivery of targeted therapies (12) , but the strength of these data is unclear as other work by this group is in question (13) . With the advent of rapid and cost-effective genome sequencing (14) , it is becoming possible to integrate transcriptomic, genomic, and pathway information into multimodal biomarkers.
The best way to derive clinically relevant conclusions from these diverse datasets remains unresolved. One initial step would be to create prognostic biomarkers that include both transcriptomic data and the mutation status of genes in pathways essential to tumor development (15) . In several cancers, specific patient subgroups share activation of specific oncogenes (e.g., HER2/neu activation in breast cancer; ref. 16) or inactivation of specific tumor suppressors (e.g., PTEN loss in prostate cancer; ref. 17) .
In lung cancer, RAS is the most commonly mutated oncogene, with activating point mutations in 15% to 20% of all NSCLC (18) (19) (20) and 25% to 35% of adenocarcinomas (21, 22) . RAS mutations in squamous-type NSCLC are rare and found in less than 5% of cases (14) . The effects of RAS mutations on NSCLC are well-studied but controversial (23) . Some studies report associations with poor prognosis (24, 25) , whereas others report none (19, 20, 26) . There is evidence that RAS mutations predict treatment efficacy (27, 28) . Patients with RAS-mutant tumors are unlikely to benefit from cisplatin and vinorelbine chemotherapy (29) . Multiple studies have suggested that anti-EGF receptor (EGFR) therapies, like tyrosine kinase inhibitors, are ineffective in RAS-mutant tumors (30, 31) .
Given their prevalence, potential impact on prognosis, and influence on treatment efficacy, RAS mutations play a key role in NSCLC. Nevertheless, it remains largely unknown if or how RAS pathway activation alters biomarkers. To address this question, we examine the influence of RAS status on NSCLC signatures in adenocarcinoma cases. We find that RAS-mutant (RAS mt ) and RAS-wildtype (RAS wt ) tumors differ fundamentally in how difficult they are to subclassify into groups with distinct outcomes. On the basis of that result, we use RAS status as a model system to explore the integration of genomic, transcriptomic, and pathway data into a unified biomarker by developing RAS-dependent prognostic signatures for NSCLC adenocarcinoma.
Materials and Methods

Data preprocessing
All analyses were performed in R statistical environment (v2.15.2). Public mRNA abundance datasets derived from primary NSCLC adenocarcinomas were used; only datasets with publicly available raw expression data (Supplementary Table  S1 ) and patient-level annotation were used (7, 8, 12, (32) (33) (34) (35) . All datasets used Affymetrix microarrays and were preprocessed using the RMA algorithm (affy package v1.30.0; ref. 36 ) combined with updated ProbeSet annotations (cdf v14.1.0; ref. 37) . Genes were matched across datasets based on Entrez Gene ID. Median scaling and housekeeping gene normalization (to the geometric mean of ACTB, BAT1, B2M, and TBP levels) was performed, as done previously (9, 10) . We maximized statistical power by focusing only on the 4,858 genes present in all datasets except where stated otherwise.
RAS mutation status-associated genes
Two datasets (8, 34 ) that reported RAS mutation status and provided transcriptomic data were used to identify genes associated with RAS mutation status (191 patients). Using these, a linear model was fit to each gene to compare RAS mt and RAS wt patients: After applying an FDR correction for multiple testing (38) , genes associated with RAS mutation status were identified (FDR < 10%).
RAS activation status classifier
Genes associated with RAS mutation status were used to train a signature for predicting RAS pathway activation, where RAS mt indicates an activation of the pathway and RAS wt not. A random forest (39) of 20,000 trees was built based on expression of the 14 genes with FDR < 10% across the 2 training datasets (the same 2 datasets used for feature selection; refs. 8, 34) using the RandomForest package (v4. . The random forest model is available upon request. Performance of the RAS status classifier was assessed using out-of-bag (OOB) error estimates. A fully independent validation cohort was created by merging 3 other datasets (12, 32, 35) which reported RAS mutation status for all or a subset of patients (226 validation patients).
As a secondary validation, a permutation study was performed to assess classifier performance relative to the null distribution (40) . A series of 290,000 random sets of n genes (where n ¼ 2, 3, 4, . . .., 30; 10,000 random sets per size) were generated and individually used to build a random forest classifier for RAS status prediction. The accuracy of our RAS status classifier was compared with this empirical estimate of the null distribution.
Furthermore, performance of the RAS status classifier was compared with performance of a previous published RAS pathway dependency signature (41) . This signature consisted of 147 genes that were up-or downregulated as signaling through the RAS pathway increased. In total, 142 of 147 genes could be mapped to Entrez Gene IDs, and only one of these was found in our RAS mutation status prediction signature. For each patient, a signature score was calculated as described by Loboda and colleagues (41) . First, data were mean normalized and transformed to log 10 space. Next, a score was calculated by taking the mean intensity of the "up" genes and subtracting the mean
Translational Relevance
Many groups have described and validated transcriptomebased biomarkers that predict survival of patients with nonsmall cell lung cancer, but these have elevated error rates that hinder clinical translation. We sought to identify the origins of this phenomenon and identified the influence of RAS mutations as a critical variable. The accuracy of existing prognostic signatures is directly influenced by K-Ras status. Using unbiased computational approaches, we show that it is more difficult to predict prognosis of patients with RAS pathway activation, and different transcriptome-based biomarkers are prognostic in patients with or without RAS pathway activation. The use of nested classification schemes that separately stratify patients with different RAS activation status are indicated and greatly improve prediction of patient outcome. This work highlights the need to directly incorporate genetic heterogeneity into biomarker discovery studies. intensity of the "down" genes. Finally, a signature score of zero was used as threshold to categorize samples.
GLMNet permutation analyses
The null distribution of prognostic performance was assessed by selecting random sets of genes and fitting elastic net regularized Cox proportional hazard models with the glmnet package (v1. 8; ref. 42) in the R statistical environment (v2.15.2). Patients with survival data from all 10 datasets in this study were used in the permutation study [we treated the 4 sub-datasets in the Director's Challenge separately (32, 43) ; (7, 8, 12, (32) (33) (34) (35) . The RAS activation status predictor was applied to all 10 datasets and predicted RAS status was used to distinguish RAS wt and RAS mt patients. Two separate permutation studies were performed, each with distinct goals.
The first permutation study tested whether RAS status influences signature performance. patients from the 7 validation datasets. This has the effect of balancing power in the training and validation cohorts.
In each study, we tested 100,000 random signatures per gene set size for sizes ranging from 5 to 100 genes in steps of 5 genes, yielding 2,000,000 total signatures. For each random signature, glmnet (with the elastic-net mixing parameter a ¼ 0.1) was run on the training cohort. The regularization parameter was chosen such that all coefficients were non-zero. For each patient in the test cohort, a score was calculated by fitting the model, and the median risk score from the training data was used to split test patients into 2 groups. Prognostic performance of the random signature was evaluated by unadjusted Cox proportional hazards modeling, followed by the Wald test in all, RAS mt , and RAS wt patients of the validation cohort (survival package v2. .
RAS-dependent prognostic signature identification by glmnet
General, RAS wt , and RAS mt prognostic signatures were created using an elastic-net regularized Cox proportional hazard model (42) . Training was done using either 107 RAS mt patients, 193 RAS wt patients, or both patient sets combined of the 3 training datasets from the glmnet permutation study described above. The resulting test cohort contains all remaining patients (382 RAS wt and 260 RAS mt ). An elastic-net regularized Cox proportional hazard model was fit to the training dataset using the elastic-net mixing parameter; a ¼ 0.1 and 10-fold cross validation. The value for the regularization parameter (lambda) that maximized cross-validation performance measured by partial likelihood was selected. Next, the median risk score was determined by re-running the identified model in the training cohort. The signature was then applied to the test cohort by fitting the elastic-net regularized Cox proportional hazard model to each patient to generate a risk score. Test cohort patients were then split into predicted low-and high-risk groups based on the median risk score from the training dataset. Performance for the 3 signatures was evaluated for both RAS mt patients and RAS wt patients using Cox proportional HR modeling, followed by the Wald test. The 3 glmnet models are available upon request.
Visualization software
All plotting was performed in R statistical environment (v2.15.2). The packages e1071 (v1.6), lattice (v0.19-28), Figure 1 . Analysis workflow overview. The previously published 3-gene and 6-gene signatures were evaluated in multiple datasets to test the influence of RAS mutation status on prognostic power (A). The Beer and Botling datasets were combined to train a RAS activation status classifier, which was validated in a subset of the Bild dataset (Bild Ã : patients with known RAS mutation status), one of the DC datasets (DC Ã : DC MSKCC dataset with known RAS mutation status), and the Fouret dataset and applied to all datasets (B). To evaluate the influence of RAS activation on signature performance, permutation studies were performed; 4,000,000 random signatures were trained in the Botling, the Fouret, and one of the DC datasets and tested in the remaining 7 datasets. Subsequently, a general, a RAS wt -specific, and a RAS mt -specific signature were created on the basis of the same setup (C). 
Results
Prognostic influence of RAS mutations
The significance of RAS mutation status in NSCLC remains controversial, with conflicting reports (23) and no known relationship to the many prognostic mRNA signatures that have been reported (7, 11) . We therefore examined the association between RAS mutation and patient outcome in mRNA abundance datasets with known RAS mutation status (8, 12, 32, 34, 35) . We focused on adenocarcinomas, which are the NSCLC subtype with the highest RAS mutation frequency, and stratified patients into RAS-wildtype (RAS wt ) and RAS-mutated (RAS mt ) groups. RAS mutation status was not associated with 5-year overall survival ( Supplementary Fig. S1 , HR ¼ 1.11, P ¼ 0.54; Wald test, stageadjusted; n ¼ 404), confirming previous reports (19, 26) .
Next, we evaluated the relationship between RAS mutations and the performance of 2 published (9, 10) and independently validated (43) prognostic signatures based on the mRNA abundances of 3 and 6 genes, respectively (Fig. 1A) . Both signatures stratified RAS wt patients into subgroups with distinct risks (Fig. 2A, Supplementary Fig. S2A ) but failed to stratify RAS mt patients into subgroups with differential survival (Fig. 2B , Supplementary Fig. S2B ). Taken together, these data suggest that RAS status itself is not prognostic but rather identifies patient subsets that require separate prognostic signatures.
Predicting RAS pathway activation
Next we investigated transcriptional changes associated with RAS mutation status. Linear modeling was applied to 2 datasets to identify genes whose mRNA abundance was associated with RAS mutation status (8, 34) . At an FDR of 10%, 14 genes were associated with RAS status, including cyclin D1 (CCND1) and ras homolog family member A (RHOA; Fig. 2C , Supplementary  Table S2) . A signature was generated from these 14 genes by training a random forest classifier (39) to predict RAS status. A random forest classifier is generated by growing a large number of decision trees, each trained with a randomly selected subset of patients and genes. Each tree in the random forest votes on the RAS status and RAS status is predicted from the number of votes. Approximately a third of patients are omitted from each tree, called the OOB data, and provide an unbiased estimate of classifier performance (39) .
Our random forest predictions of RAS status yielded OOB accuracies of 79.1%, with misclassifications equally divided between false-positives and false-negatives (Fig. 3A) . The number of votes received by RAS mt patients was significantly higher than for RAS wt patients (Fig. 3B , P ¼ 1.08 Â 10
À20
, Student t test). When segregating the patients into the different error classes (true negatives, false negatives, true positives, and false positives), there is a clear difference in the fractions of votes (Fig. 3C) , potentially suggesting that false-positive and false-negative patients may have RAS pathway activation through other means, although this hypothesis is challenging to test experimentally.
While our accuracy of 79.1% was promising, we wondered if it could be improved. Before undertaking an extensive machine learning analysis, we first sought to determine whether our 14-gene RAS classifier had reached a global maximum, at least based on the set of 4,858 genes used for discovery. We created 290,000 random signatures, each comprising 2 to 30 genes. Each signature was trained using a random forest, as above, and its OOB accuracy was calculated. This approach gives an empirical estimate of the null distribution (10). The 79.1% classification accuracy of our 14-gene RAS classifier was superior to all of gene sets tested and in fact the accuracy of random signatures never exceeded 75%. This provides very strong confidence that our 14-gene RAS classifier is at or near a global optimum (P ¼ 3.45 Â 10 À6 ; Fig. 3D , dashed line is 14-gene classifier).
To further validate our 14-gene RAS classifier, we studied 226 patients from independent datasets not used in model training (Fig. 1B) (12, 32, 35) . RAS mutation status was correctly predicted in 75.7%, 67.1%, and 71.1% of samples in these datasets (Fig. 3E-G) , validating our classifier. Performance of the 14-gene RAS classifier was then compared with a published RAS pathway dependency signature generated from cell line data and reported to have about 60% accuracy in lung tumors (41) . In each dataset, our 14-gene classifier outperformed the published signature by margins ranging from 9.9% to 31.8% (Supplementary Table S3) .
We next sought to ensure that performance of the 14-gene RAS classifier was not limited by focus on a subset of the transcriptome. We analyzed the platform with the highest number of genes (U133 Plus 2.0 arrays). First, 2 RAS classifiers were trained in the Botling dataset (34) and tested in the Bild and Fouret datasets (12, 35) by taking either all genes on these platform (n ¼ 19,070) or the 4,858 genes studied above. Accuracies in the independent validation cohorts were unchanged ( Supplementary Fig. S3A-S3F ). Next, an empirical estimate of the null distribution was made by creating 290,000 random signatures as described previously, but considering all 19,070 genes in the combined Botling, Bild, and Fouret datasets. Again our 14-gene classifier was superior to all of gene sets tested ( Supplementary Fig. S3G ). These data confirm that performance of the 14-gene RAS classifier was not limited by looking at a subset of the transcriptome. Finally, to demonstrate the use of this classifier, we applied it to public mRNA abundance datasets where RAS mutation status was not reported (n ¼ 549, Fig. 1B ). Predicted RAS status in this large, well-powered cohort (power of 0.90 to detect an HR of 1.46) replicated the lack of association with 5-year survival (Supplementary Fig. S4 ; HR ¼ 1.17, P ¼ 0.22; Wald test, stage-adjusted). Furthermore, predicted RAS status confirmed that prognostic signatures performed better in the RAS wt patients ( Supplementary Fig. S5 and Table S4 ). Thus, our RAS signature predictions have similar clinical correlates to actual RAS mutation status.
It is easier to predict survival of RAS wt patients
Next, we sought to generalize our observation that RAS status confounds mRNA-based prognostic marker performance (Fig. 2,  Supplementary Figs. S2 and S5 ) by again assessing the null distribution of the overall biomarker space. We used 3 datasets (n ¼ 300 patients) for training and the remaining 7 (n ¼ 635 patients) for testing/validation (Fig. 1C) . We generated 2,000,000 gene sets, ranging in size from 5 to 100 genes, and trained/tested each for their prognostic capability separately in all patients, RAS mt patients, and RAS wt patients (as classified with the RAS activation status predictor) using an elastic-net regularized Cox proportional hazard model (42) .
The distribution of HRs is right-shifted in RAS
wt patients relative to RAS mt patients (Fig. 4A , log 2 -transformed for visualization). This shows that it is easier to predict prognosis for RAS wt patients with mRNA signatures, independent of the specific genes used. Similarly, P values are smaller in the RAS wt patient group than in the RAS mt patients (Fig. 4B ). Both these observations are independent of signature size, as shown by elevated P RASmt to P RASwt ratio ( Fig. 4C ; all boxplots are above the dashed line). Many more signatures reach significance in the RAS wt patients (34.9%), compared with the RAS mt cohort (13.4%). Interestingly, 5.9% of signatures were significant in both groups (P < 1.0 Â 10 À20 ; hypergeometric test).
To demonstrate that this effect is independent of the numbers of RAS wt and RAS mt patients used for training and testing, a second permutation study was performed where the number of RAS wt and RAS mt patients was balanced by subsampling (see Materials and Methods). Training datasets comprised 100 RAS wt and 100 RAS mt patients; validation datasets comprised 253 RAS wt and 253 RAS mt patients. Even after controlling for differential sample size, prognostic signatures for RAS wt patients continue to have larger HRs (Fig. 4D ) and lower P values (Fig. 4E and F ) than those for RAS mt patients. The number of statistically significant signatures remains larger in RAS wt patients (21.0%) than in RAS mt patients (13.4%), with the overlap remaining larger than expected by chance (3.7%; P < 1.0 Â 10 À20 ; hypergeometric test). Thus, RAS wt patients appear to be fundamentally easier to prognose, even after controlling for their larger sample size.
To demonstrate that the observed differences were not an effect of the selected subset of the transcriptome, both permutation studies were repeated. However, now we focused on the datasets profiled on the U133A and U133 Plus2.0 arrays increasing the number of genes from 4,858 to 12,140. The training datasets remain the same. Results for both permutation studies are comparable to the previous data ( Supplementary Fig. S6 ). In the permutation study with unbalanced RAS wt and RAS mt patient numbers, 30.5% of the signatures reached significance in RAS wt patients versus 13.3% in RAS mt patients; and 5.1% was significant in both patient groups (P < 1.0 Â 10 À20 ; hypergeometric test). In the balanced permutation study, again the number of statistically significant signatures was larger in RAS wt patients (17.5%) than in RAS mt patients (12.3%) with an overlap of 2.8% (P < 1.0 Â 10 À20 ; hypergeometric test).
Nested classification improves prognostic performance
Our permutation studies show that generating prognostic signatures for RAS mt patients requires training on only a RAS mt patient cohort. Taken together with the differential accuracy of existing signatures on RAS mt patients, these data suggest a nested classification scheme where patients would be first stratified according to their RAS status (in this case with the RAS activation status predictor) and then prognosed with different transcriptomic biomarkers used for each subgroup. Because several existing markers accurately classify RAS wt patients, we focused on predicting prognosis for RAS mt individuals. We trained signatures with glmnet (44) Table S8 ). This clearly shows the benefit of stratified, joint genomic-transcriptomic prognostic models.
We next wondered whether the differences in prognosing RAS wt and RAS mt patients could be attributed to heterogeneity of genetic alterations. We examined the TCGA lung adenocarcinoma sequencing data (45) . While the overall mutation rate does not differ between RAS wt and RAS mt patients ( Fig. 6 , P ¼ 0.96, t test), specific individual genes do. We focused on those genes significantly recurrently altered greater than chance alone in the TCGA data ( Fig. 6 ) and show that RAS mt patients have significantly more alterations in RBM10 and STK11 and significantly fewer in EGFR, NF1, and TP53. Furthermore, TCGA-defined mRNA subtypes are associated with Ras status as well (Fig. 6 , P ¼ 0.045, Fisher exact test). Overall, these results highlight the multifaceted impact of Ras activation on the tumor genome and transcriptome and on patient outcome and clinical presentation.
Discussion
We hypothesized that RAS status might confound the performance of mRNA abundance-based biomarkers in NSCLC. Because the incidence of RAS mutations is highest in adenocarcinomas, we focused on this subgroup. We started by studying the transcriptional effects of RAS mutations and created a 14-gene RAS status signature. At least 5 of 14 genes in this signature are known to be regulated downstream of RAS (ARF1, CCND1, DUSP6, RHOA, and TFF1). Further, several genes (CCND1, Mutation rate of specific genes is different for RAS wt and RAS mt patients. Differences between the number of mutations and significantly recurrently mutated genes from the TCGA lung adenocarcinoma data for RAS wt and RAS mt patients were examined. P values are from t test (to assess differences in number of mutations) and
Fisher exact tests (to assess differences for specific genes or mRNA subtypes). RAS status was associated with TCGA mRNA subtypes (Fisher; P ¼ 0.045). (12, 41, 46) . Our 14-gene RAS activity correctly identified about 75% of patients. But while 75% prediction accuracy is far above random chance, one might expect that improved machine learning methods could be used to improve it. Surprisingly, then, a permutation study shows that the 14-gene RAS classifier is near-optimal. The natural explanation for this result is that the RAS pathway is being activated by methods outside of direct mutations of RAS. For example, mutations in the upstream signaling molecule EGFR are reported in approximately 5% to 10% of the NSCLC adenocarcinomas (47) . On the other hand, some RAS mutations could have limited downstream effects and do not show typical pathway activation (41). Ihle and colleagues (48) have shown that different RAS mutations can have different downstream effects, with some having more pronounced effects than others. Furthermore, RAS mutation status was determined on the basis of mutations in KRAS codons 12 and 13 (8) . However, 10% of the RAS mutations found in lung adenocarcinoma are not in KRAS (49) , making it possible that some RAS mutations are missed. However, assessing the individual impact of each of these considerations is not possible given the current, limited datasets; as larger datasets with more extensive follow-up times than the current TCGA data become available this will be an important question to ask. Nevertheless, it may be of value to test the use of RAS pathway signatures in clinical contexts, rather than solely evaluating the clinical use of RAS mutations.
Next, we demonstrated that our finding that mRNA-based biomarkers are confounded by RAS status is fully general and not restricted to the 2 initial biomarkers that spurred this discovery (9, 10). We used a very large permutation study and tested 4,000,000 gene signatures to show that RAS wt patients are fundamentally easier to classify than RAS mt patients. Furthermore, we show that in general different signatures are prognostic in the 2 patient groups.
These data strongly suggest the use of a separate transcriptomic biomarker for RAS mt patients. Therefore, we developed a RAS mt dependent signature on 107 patients and validated it on 253 patients. This signature robustly classifies RAS mt patients (HR ¼ 1.61, P ¼ 1.30 Â 10 À2 ; Wald test, stage-adjusted) and clearly demonstrates that future development of transcriptional signatures can be improved by stratifying patients based on key, recurrent genetic aberrations. This approach may be immediately suitable to other tumor types. For example, MLL2 is mutated in about 20% of squamous cell lung tumors (14) . MLLs are H3 lysine methyltransferases which have an important role in transcription regulation (50) . A biomarker specific for patients with squamous cell lung cancer with MLL2 mutations may improve prognostic performance in a way analogous to that used here. Overall, a better understanding of the biology of RAS mutations in NSCLC may allow development of improved biomarkers for this large and important patient subgroup.
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